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A B S T R A C T
Urban areas face a conundrum, they need to reduce their greenhouse gas emissions and consumption of re-
sources, whilst also increasing their resilience to climate change and extreme weather, and improving wellbeing.
However, it is widely recognized that well intended intervention to address one of these sustainability objectives
in isolation can undermine other objectives. This paper presents a framework to efficiently identify spatial
development strategies that provide the best outcomes against multiple objectives. The framework has been
applied to London (UK) to identify strategies that can simultaneously: (i) minimize exposure to future heat wave
events; (ii) minimize the risk from flood events; (iii) minimize transport emissions; (iv) minimize urban sprawl;
(v) maximize brownfield development; and, (vi) prevent development of greenspace that is recognized as im-
portant to wellbeing. Prioritizing each objective in isolation leads to considerably different spatial planning
structures, exposing conflicts between many objectives. These include tradeoffs between urban heat risk and
transport emissions; and also previously undocumented conflicts between minimizing flood and heat risks.
Allowing greater flexibility in development density is shown to provide benefits in terms of heat risk reduction,
whilst not significantly affecting mitigation objectives. The framework is shown to significantly improve upon
the London Spatial Development Strategy for the objectives analyzed. Further analysis identifies optimal spatial
strategies to achieve a Low Carbon, Low Risk or Low Density city - however, these cannot be simultaneously
maximized. This work shows there are difficult, and often irreconcilable, choices to be made in the spatial
planning of sustainable cities. Spatial search and optimization tools strengthen the evidence-base for planning.
Rapid identification of development strategies that satisfy, and minimize conflicts between, multiple objectives
helps planners to develop strategies that simultaneously improve urban sustainability and reduce the risks from
natural hazards.
1. Introduction
1.1. Cities under pressure
Over 50% of the global population live in urban areas, and this is
expected to exceed 60% by 2030 (Huq, Kivats, Reid, & Satterthwaite,
2007; United Nations, 2011). Most urban growth is expected to be
concentrated in locations susceptible to natural hazards (McGranahan,
Balk, & Anderson, 2007). This coupled with the often poor design of
cities (Mitchell, 1999) will significantly increase the environmental
risks faced by cities in the future (Hunt & Watkiss, 2011), especially
from more frequent and severe extreme weather events due to projected
climate change (IPCC, 2013). Furthermore, urban areas are already
responsible for approximately 70% of global greenhouse gas emissions
and new urban development must reduce greenhouse gas emissions if
the Paris Agreement to limit global warming are to be achieved (Bai
et al., 2018). There is an urgent need for urban development to reduce
resource consumption and emissions, whilst also enhancing resilience
to climatic risks such as flooding and heatwaves (Dawson, 2011).
For some time urban spatial planning has been widely promoted as
the most appropriate mechanism to address the sustainability chal-
lenges faced by cities (Jackson, 2006). Balancing tradeoffs between
objectives is not a new principlebut is complex as it spans sectors such
as energy, transport, pollution, and risk management (Bedsworth &
Hanak, 2010; Dawson, 2007; Mcevoy, Lindley, & Handley, 2006). The
Urban Climate Change Research Network showed that cities around the
world do not yet have the tools to assess tradeoffs between multiple risk
and sustainability objectives (Rosenzweig et al., 2018). In Europe less
than one fifth of cities have a climate strategy that considers both
adaptation and mitigation together, and even in these cases tradeoffs
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between climate risk and greenhouse gas mitigation options are not
rigorously assessed (Reckien et al., 2018). This is usually further com-
pounded by the need to consider broader sustainability issues of eco-
nomic growth, environmental protection, and improving social justice
for citizens (Romero-Lankao et al., 2018).
Illustrative of this are the contradictions in the compact city model,
which has been a focus of European planning policy in the first decade
of the 21st century (Biesbroek et al., 2010). Urban densification can
improve accessibility and coupled with improved public transport
provision can therefore reduce private car emissions (Williams, 2004).
Yet, compact urban form has been related to issues such as poor air
quality and increased crime (Burton, 2000; Newton, Newman, Manins,
Simpson, & Smith, 1997), and shown to exacerbate flooding, urban heat
island, and other risks due to increased surface run-off and the proxi-
mity of tall buildings (Hunt & Watkiss, 2011). Although it is inevitably
more complex than this as the urban heat island has also been linked to
sprawl and contiguity (Debbage & Shepherd, 2015). In the face of re-
peated extreme events, and in the context of projected increases in the
frequency and intensity of extreme weather, local and national gov-
ernments are reflecting on the design and adaptation of the urban en-
vironment (Biesbroek et al., 2010; Comfort, 2006; PlaNYC, 2016;
Reckien et al., 2014).
Planners should not therefore ascribe to compact, or other, city
planning paradigms motivated by a limited set of objectives
(Echenique, Hargreaves, Mitchell, & Namdeo, 2012; Neuman, 2005).
Rather, they should base planning decisions on a broad range of sectors,
sustainability objectives, and considering local factors, if they are to
avoid situations where well intended interventions confound other
sustainability objectives.
1.2. Spatial optimization
Batty (2013) notes that earlier attempts at applying optimization
algorithms have not been widely employed due to their necessary over-
simplification. However, relatively recent advances in computing and
optimization algorithms has renewed interest in the use of optimization
for designing urban energy networks (Keirstead & Shah, 2013), urban
water distribution networks (Bieupoude, Azoumah, & Neveu, 2012),
urban transport systems (Kepaptsoglou & Karlaftis, 2009; Shimamoto,
Nurayama, Fujiwara, & Zhang, 2010; Yu, Yang, Cheng, & Liu, 2005)
and allocation of land use types (Cao, Huang, Wang, & Lin, 2012;
Ligmann-Zielinska, Church, & Jankowski, 2008; Masoomi, Mesgari, &
Hamrah, 2012; Zeng, Zhang, Cui, & He, 2015). These and other studies
typically focus on singular issues, and many with an emphasis on eco-
nomic criteria. Optimization approaches have also been applied to a
small number of land use planning problems within cities particularly
to identify optimal compaction or infill urban development strategies
(Cao et al., 2012; Khalili-Damghani, Aminzadeh-Goharrizi, Rastegar, &
Aminzadeh-Goharrizi, 2014; Masoomi et al., 2012), or applied to syn-
thetic cities (Ligmann-Zielinska, Church, & Jankowski, 2005).
The implications and tradeoffs between urban planning choices that
seek to minimize the risk of a range of environmental hazards and
greenhouse gas mitigation strategies are ill-explored to date because of
their spatial complexity. This has limited the wider applicability of
optimization for sustainable urban development (Yao, Zhang, &
Murray, 2017), which will be crucial if cities are to contribute towards
achieving the ambitions of the Paris Agreement to limit global green-
house gas emissions and reduce climate risks.
This paper applies a framework that redresses these limitations as,
for large urban areas, it can identify development strategies that are
optimized against a number of sustainability objectives. Through a case
study in London the framework is demonstrated to greatly increase the
performance of spatial plans in meeting six sustainability objectives,
and as discussed later in this paper can be scaled to incorporate a wider
set of objectives. Whilst planning decisions are not solely taken on the
basis of such modelling (and do not advocate that they should be), the
framework improves what Tinbergen (1956) refers to as the “analytical
aspect” of decision making, providing a useful tool and basis for
creating an evidence-based approach to spatial planning of develop-
ment within cities.
Fig. 1. Study area of Greater London in the UK showing areas for potential future development.
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1.3. Introduction to London case study
In order to establish the utility of spatial optimization for urban
planning a case study investigating the generation of future residential
development plans for London, UK is used (Fig. 1). London, governed
by the Greater London Authority (GLA), is a focal point for sustainable
development initiatives in the UK and internationally (Walsh et al.,
2013) and with population projected to increase by approximately a
Table 1
Description and spatial structure of each objective function used.
Objective Spatial dataset
i. Minimize exposure to future heat wave risk: min(fheat)
An increasingly important consideration for planners in the face of climate change (Tomlinson, Chapman, Thornes, &
Baker, 2011). Estimates of a 257% increase in heat related mortality by 2050 are projected in the UK if no adaptation
action is taken (Hajat, Vardoulakis, Heaviside, & Eggen, 2014). This is particularly important in London due to its urban
heat island (Jenkins et al., 2014). This objective encourages new development to take place in areas of lower urban heat
hazard.
Source: UrbClim heat wave models at 1 km spatial resolution (De Ridder, Bertrand, Casanova, & Lefebvre, 2012).
ii. Minimize risk from future flooding risk: min(fflood)
Management of flood risk appears in 70% of the sustainability appraisals reviewed, and within national guidance (Defra,
2010). It was recently described as the most significant adaptation challenge facing the UK (House of Commons
Environmental Audit Committee, 2015). This objective encourages new development to take place outside the flood zone.
In line with UK planning guidelines (DCLG, 2009), the 1 in 100 and 1 in 1000 year floodzones are considered, with
development in the former assumed to be 10 times less acceptable than in the former.
Source: Environment Agency of England indicative floodplain maps.
iii. Minimize distance of new development to town centers to minimize travel: min(fdist)
Policies to reduce private car emissions and encourage public transport are widespread, especially in London which aims
to meet and exceed UK emission reduction targets. The objective is characterized by a shortest path over the road network
between proposed development sites and designated town center centroids.
Source: Ordnance Survey (OS) (UK national mapping agency) Meridian 2: Road Layer, and OS Mastermap Strategi:
Settlement Seeds Layer which provide the location of town centers.
iv. Minimize expansion of urban Sprawl: min(fsprawl)
National planning policy aims to limit the extension of city limits (DCLG, 2011a) to minimize costs associated with
infrastructure provision, inefficient land use, and transport emissions (Speir & Stephenson, 2002). The objective
disincentivizes development outside the current urban extent.
Source: OS Meridian Layer: Developed Land Use Area.
v. Maximize development on brownfield sites: min(fbrownfield)
This is a national planning objective which aims to prevent development of undeveloped areas (Baing, 2010; Department
for Communities and Local Government, 2011b). London has a target that 98% of new development is on brownfield sites
(Greater London Authority, 2011a). The objective penalizes development on land not designated as brownfield.
Source: London Development Agency's (LDA) London Brownfield Sites Database.
vi. Prevent development of greenspace
UK government policy is to protect local green space by applying disincentives on the loss of greenspace and restricting
development on the ‘green belt’ around cities, and in important biodiversity sites (DCLG, 2011a). Despite pressure to
develop on greenfield (Heid, 2004), these open areas are vital to combat heat stress and provide other benefits (Mcevoy
et al., 2006). For the scenarios reported here, greenspace development was prevented entirely.
Source: OS Mastermap and Natural England designated sites.
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million people between 2011 and 2031 (GLA, 2011a), London will re-
quire substantial new development. London is also a useful case study
because it is at the forefront of tackling climate change and im-
plementing sustainable development in large cities, and yet, as our case
study reveals there is substantial opportunity for improvement. The
current approach in London to assessing tradeoffs and co-benefits is via
an Integrated Impact Assessment (GLA and Arup, 2017) which rates
them on a qualitative five point scale ranging from ‘significant negative’
to ‘significant positive’. Crucially, there is sufficient data available in
London to analyse a number of climate risk and sustainability objec-
tives, and strong engagement with key stakeholders in the GLA and
other organisations who have articulated a wide range of planning
choices. For example, the Mayor of London has set an ambitious target
to reduce greenhouse gas emissions by 60% from 1990 levels by 2025
(GLA et al., 2011).
The GLA (2011b) anticipate a number of significant climate change
impacts, including:
1. Increased frequency and duration of heat wave events (defined as
two-day time temperatures exceeding 32 °C with the intervening
night exceeding 18 °C);
2. Mean summer daily maximum temperature to rise 3.7 °C by 2050
relative to temperatures between 1961 and 1990 (UKCP09, 2012);
3. Rainfall events that currently occur, on average, once every
Fig. 2. Flowchart of the Multi-Objective Spatial Optimization framework.
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100 years, will by 2100 occur once every 30 years; and,
4. An increase in total mean winter rainfall of 15%, leading to more
frequent pluvial flood events.
To accommodate expected population increases the GLA calculates
that 324–340 thousand dwellings will need to be constructed between
2011 and 2021. These lower and upper values are used to define the
boundary conditions for the optimization analysis (described in Section
2). Likewise, spatial development plans are constrained such that new
development can only be assigned to land that is potentially available
for development (see Fig. 1), such as undeveloped land, identified from
OS MasterMap data derived in 2013, and brownfield sites identified by
the London Development Agency. The GLA (2011a) sets the Spatial
Development Strategy for London up until 2021 and identifies a
number of aims:
1. Prioritise development in east London (25% of new dwellings tar-
geted at 3 east London boroughs);
2. Prioritise development that is close to London's most significant
town centers, as defined by the GLA (2011c);
3. A goal of 98% development on brownfield sites; and,
4. Constraining the density of new dwellings on the basis of local ac-
cessibility, so that the highest density new development occurs in
areas with the best transport connections.
The results of the optimization analysis are therefore compared to
the aims of this strategy to assess its performance, and any potential for
improvement.
2. Methodology for spatial optimization of multiple sustainability
objectives
Sustainability objectives include considerations such as climate risks
including flooding and heatwaves, emissions of greenhouse gases,
density of urban development, availability of greenspace for ecosystem
services. The multi objective spatial optimization framework comple-
ments the approach of the UK sustainability appraisal (mandated by the
Government of the UK (ODPM, 2004)) whereby potential development
strategies are assessed against a number of sustainability objectives
early in the planning stage. However, there are a number of criticisms
of the approach which include insufficient exploration of alternatives,
lack of simultaneous assessment over a number of sustainability ob-
jectives, limited analytical assessment of the conflicts and best trade-
offs between desirable objectives (Gibson, 2006). This spatial optimi-
zation framework explicitly addresses these shortcomings as it is able to
evaluate a range of alternative plans for different objectives and si-
multaneously assess multiple conflicts and trade-offs between them.
2.1. Sustainability objectives
A review was undertaken of spatial planning objectives relevant to
sustainability in the UK (Heidrich, Dawson, Walsh, & Reckien, 2013;
Department of Communities and Local Government (DCLG), 2011a,
2011b), international (Carter, 2011; Melia, Parkhurst, & Barton, 2011;
Reckien et al., 2014) and in the case study city of London (GLA, 2011b).
Six of the most important, or most frequently mentioned, sustainability
objectives selected from this review for use in the London case study are
to: (i) minimize exposure to future heat wave risk, (ii) minimize the risk
from flood events, (iii) minimize travel costs to minimize transport
emissions, (iv) minimize the expansion of urban sprawl, (v) maximize
brownfield development and (vi) prevent development on greenspace.
Table 1 describes how each objective has been parameterized and their
spatial structure.
2.2. Methodology for spatial optimization
The framework applies a Genetic Algorithm (GA) to search for op-
timal spatial plans subject to the multiple objectives described in
Table 1. GAs have gained prominence over traditional optimization
approaches due to their more effective search operator (Loonen,
Fig. 3. a) GLA Public Transport Accessibility Level (PTAL) classification calculated on the basis of the density of the public transport network (London Datastore,
2016) and b) corresponding dwelling density zones, measured in units per hectare, based on Table 2.
Table 2
Public Transport Accessibility Layer (PTAL) accessibility standard for new development in London.
(Adapted from Table 3A.2 from the GLA (2011a)).
PTAL classification (see Fig. 3) 1a
(Low accessibility)
1b 2 3 4+
(Higher accessibility)
Maximum density (units/hectare) 60 60 100 100 N/A
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Heuberger, & Kuijpers-Linde, 2007; Savic, 2002) and have been found
to be particularly appropriate for multi-objective decision making
(Xiao, Bennett, & Armstrong, 2007). They use principles that are ana-
logous to biological evolution and over successive iterations use and
adapt characteristics of ‘parent’ solutions to create ‘children’ solutions
(Dowsland, 1996; Goldberg, 1989).
Rather than seeking to identify a single ‘best’ spatial plan solution,
here the GA is used to generate a Pareto-optimal set of best tradeoff
spatial plans; these are plans that outperform all others in at least one
sustainability objective. Pareto-optimal sets are a recognized method of
presenting optimized urban plans to decision makers (Jiang-Ping &
Qun, 2009), having been used to convey the results of several appli-
cations, including land use allocation (Ligmann-Zielinska et al., 2005;
Ligmann-Zielinska et al., 2008), and water systems (Fraga, Medellín-
Azuara, & Marquesa, 2017; Kapelan, Savic, & Walters, 2005; Walters,
Halhal, Savic, & Ouazar, 1999). The major strength of this approach is
that instead of returning a single solution based on prior preferences, a
wide range of known best trade-offs solutions is provided to planners
(Jiang-Ping & Qun, 2009).
The multi-objective spatial optimization framework is described in
full by Caparros-Midwood, Barr, and Dawson (2017). The overall fra-
mework is summarized in Fig. 2, and to enable the work presented here
to be followed, the most salient stages of the calculation are now
summarized:
1) Initialization: The process begins with a series of randomly gen-
erated spatial development plans. These are evaluated against the
objectives in Table 1 and an initial selection takes place reduce this
set to the most optimal plans. These selected initial plans are then
used for the genetic algorithm to begin its search.
2) GA Operators: For a set number of iterations (generations), the GA
performs two operations to produce a new set of improved devel-
opment plans (Deb, Pratap, Agarwal, & Meyarivan, 2002). First, the
crossover operation exchanges the attributes (e.g. the location and
density of development) between sets of spatial plans for a randomly
selected percentage. This is done with the intention of producing
more optimal plans through combining the attributes from the best
found spatial development plans. Secondly, a mutation operator
randomly adjusts a small selection of attributes within the plans. For
example, densities are randomly changed and or the location of
development is randomly moved. This is done to aid diversity in the
plans and to prevent the algorithm converging too quickly on a set
of attributes. The spatial plans derived from this process are assessed
against the objectives in Table 1 before a selection operator is used
to reduce these plans to only the most optimal. This is done based on
the NSGA-II methodology (Deb et al., 2002), whereby the optimal
spatial plans are retained not only by how they perform, but also
based their uniqueness ensuring a diverse set of possible spatial
plans are tested and the algorithm does not prematurely converge
Table 3
Pairwise weightings for the four planning scenarios.
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on local optima.
3) Pareto-optimization: Additionally, at each iteration a list of Pareto-
optimal solutions is maintained. These are defined as outperforming
all other solutions in at least one objective, and represent the best
possible trade-off solution. Newly derived spatial plans are assessed
against the current Pareto-optimal solutions and if plans are found
which improve upon their performance against one or more objec-
tives they replace them in the list. This maintains the optimal set of
solutions throughout the operation and is returned once N genera-
tions have been completed.
4) Post Processing: To analyse the conflicts between individual sus-
tainable objectives Pareto fronts are calculated between pairs of
objectives from the Pareto-optimal plans (Mishra & Harit, 2010).
These optimal plans are identified as outperforming all the other
solutions in at least one of the pair of objectives under consideration
resulting in several sets i.e. the set for fheat versus fflood will contain
spatial plans which outperform all other solutions in either fheat or
fflood or both. The objective scores are normalised, where 0 is the
best performance and 1 is the worst performance found in the
analysis. This provides a non-subjective comparison of the relative
trade-off between different objectives. Exploring the relative im-
portance of different objectives is considered in the scenarios pre-
sented in Section 2.3.
2.3. Regulatory scenarios
The optimization framework was implemented in the context of
different planning policies to gauge their impact on the sustainability
objectives in Table 1:
1. Business as usual: Continuation of the current approach which in-
cludes restrictions to ensure high density development is limited to
the most accessible areas (Table 1, Fig. 3).
2. Density deregulation: Current restrictions, set by the GLA (2011a) on
the density of new development (see Table 2 and Fig. 3) are relaxed
to investigate their impact on tradeoffs between objectives. The
London Plan aims to limit low density development, but also not
allow high density development in inaccessible areas.
3. Exclusively brownfield: Development is restricted to brownfield sites
(see Table 1), reflecting UK Government and GLA aspirations that
Fig. 4. Best trade-offs between sustainability objectives for (a) fheat, (b) fdist, (c) fbrownfield, (d) fflood, and, (e) fsprawl. Where no Pareto line is plotted (e.g. as between
fbrownfield and fflood), the two objectives can be reconciled.
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Fig. 5. Spatial development plan that provides the lowest heat risk.
Fig. 6. Spatial development plan that provides the lowest flood risk.
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60% and 98% respectively of new development is on brownfield
land (DCLG, 2011b).
2.4. Application of planning priorities
The sheer number of optimal plans, although small relative to all
possible permutations, means interpretation can prove problematic for
decision makers (Xiao et al., 2007) who must ultimately choose a single
plan to adopt. Although approaches such as clustering methods and
non-uniform weighting (Aguirre & Taboada, 2011; Carrillo & Taboada,
2012) can help to narrow the optimal plans returned, these do not allow
for the expression of planning preferences, and instead act to limit the
number of plans which have similar performances.
Therefore, a series of weights were posteriorly applied to the results
of the ‘business as usual’ regulatory scenario to identify plans which
represent four scenarios that reflect key tensions in London's planning
choices. Three of these emphasize a strong preference for a particular
sustainability emphasis, whilst a fourth scenario equally weights all the
objectives:
1. Low Carbon City: The UK's Climate Change Act (UK Parliament,
2008) legally binds the UK government to reduce the UK's green-
house gas emissions by 80% by 2050. As one of the biggest drivers of
emissions, London has targets for a 60% reduction in carbon dioxide
emissions (below 1990 levels) by 2025 (Greater London Authority,
2007). For this scenario, the decarbonization objectives of fdist and
fsprawl are prioritized.
2. Low Risk City: London has a unique threat from extreme heat com-
pared to other UK cities due to its southern latitude and considerable
heat island, whilst the UK's House of Commons Environmental Audit
Committee (2015) reports that flooding is the biggest adaptation
challenge facing the UK. In the Low Risk City scenario prevention of
exposure to climate change induced hazards is prioritized, namely
fheat and fflood.
3. Green and Spacious City: New development is focused on previously
developed land to minimize encroaching into public or green spaces,
by prioritizing the objective fbrownfield.
4. Balanced City: All of the objectives are weighted with equal priority.
The weightings for each scenario were derived through a pairwise
comparison (Musungu, Motala, & Smit, 2012; Yahaya, Ahmad, &
Abdalla, 2010), where each objective is weighted, w, in terms of its
relative importance on a 9 point reciprocal scale. A value of 9 indicates
‘much more important’, 1/9 indicates ‘much less important’ and 1 de-
notes no preference between the objectives (Table 3). The weights were
used to scale the normalised score for each objective (e.g. fheat), and
summed to provide a single objective function, F, for the city scenarios
shown in Table 3. The lowest scoring spatial plan for each scenario
provides the best overall outcome for the planning preferences.= + + …F w f w f w f( ) ( ) ( )heat heat flood flood brownfield brownfield (1)
3. Results and discussions
3.1. Conflicts and trade-offs
Fig. 4 shows the best trade-offs found between pairs of sustainability
objectives. Optimizing fheat against other objectives provides the largest
conflicts (see Fig. 4a–e). This is especially significant for the mitigation
objectives where the best spatial strategies for accessibility (fdist) and
urban sprawl (fsprawl) have an associated increase in heat risk on the
Fig. 7. Spatial development plan to maximize accessibility, use of brownfield land, and reduce urban sprawl.
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normalised scale of 0.65 and 0.72 respectively. Thus, planners in
London have to address a tradeoff between increases in heat risk, or
higher transport emissions and urban sprawl. However, if a planner
prioritises one objective it does not necessarily mean the increase in the
other has to be realised as we make an assumption of typical devel-
opment. For example, if reducing transport emissions leads exposes
more people to heat risk this can be fed into the planning process, and
permission to develop only granted if the development is designed to
mitigate urban heat island effects, for example through use of green
spaces, rooftop gardens and uses of surfaces with a higher albedo that
reflect more heat.
Despite the presence of these conflicts, Fig. 5 shows a spatial de-
velopment plan that minimizes heat risk and limits urban sprawl by
locating development sites in lower heat risk areas that are near town
centers to achieve the best outcome for both objectives. Although there
are 220 town centers within London (Greater London Authority,
2011c), this optimal plan clusters new development near a relatively
small number of these (compared, for example, with the plan in Fig. 6).
For example, East Barnet, Greenhill, Wood Green, Streatham and Ealing
each have over 4000 dwellings proposed within 800m of their centers
(with 9600 in East Barnet) due to their characteristics of low heat ha-
zard, available space and high public transport provision which allows
a high density of development. Overall the average distance of new
development to any town center is 1.6 km, with much of it located on
brownfield land. However, in order to minimize heat risk, this plan still
only allows 85% of development to be located on brownfield, short of
the GLA's aim of 98%.
The results expose a degree of conflict between heat risk and flood
risk. This is because many of the lowest heat hazard areas coincide with
the floodzone(s) on the banks of the River Thames due to the cooling
effect of blue infrastructure (Voskamp & Van de Ven, 2015). Fig. 6
demonstrates the best performing spatial plan at addressing flood risk.
This varies from the spatial plan shown in Fig. 5 as less development is
allocated alongside the river Thames. However, this has the effect of
forcing development into higher heat risk areas, and consequently fheat
increases to 0.65 on the normalised scale. Moreover, to minimize flood
risk over half of new development moves to West London which is in
conflict with the GLA's plan to prioritise development in East London.
Many of the world's cities have developed near rivers (Huq et al., 2007),
and as with the conflict between heat risk and sprawl, this conflict is
likely to be significant in many other locations.
In contrast to heat risk, both fflood and fbrownfield can be simulta-
neously optimized as shown in Fig. 6; indicating that London has suf-
ficient brownfield land outside of the floodzone to accommodate fore-
cast development within currently allowed development densities.
Avoiding growth in flood risk areas, and exceeding the 98% target for
brownfield development addresses two key local and national policy
objectives (House of Commons Environmental Audit Committee, 2015).
Reducing flood risk (fflood) conflicts more than heat risk, with re-
spect to achieving mitigation objectives, fdist and fsprawl, (0.085 and 0.1
respectively) (see Fig. 4d). However, the analysis shows that fbrownfield
and fdist can not be simultaneously optimized; maximizing accessibility
limits brownfield development to 78%. This reinforces criticisms made
of prioritizing brownfield development, in that they are often located in
undesirable or less accessible areas away from current employment
zones (Kazmierczak, 2012; Syms, Lowe, & Laidler, 2003). Despite this,
Fig. 7 shows that for the best accessibility, a large number of brownfield
field sites close to town centers exist (especially near Stratford and Bow
in central London, Tottenham in north London and Greenhill in west
London). Indeed, all development can be accommodated on brownfield
land whilst limiting fdist to 0.18 (Fig. 4b). The best trade-offs for each
pair of objectives are summarized in Table 4.
Identification of the best spatial plans for each objective is inter-
esting, however the real value of the framework and Pareto-front results
is the potential to explore the many best trade-off spatial plans. As an
example, to remove any urban sprawl (i.e. all new development is
within the existing urban extent, fsprawl=0) can only be achieved by
compromising on accessibility such that fdist=0.29. However, the fra-
mework also identifies a spatial plan which decreases fdist to 0.03 whilst
fsprawl increases to just 0.01.
3.2. Optimal development trends
The framework can also be used to identify general spatial trends.
Fig. 8 presents the likelihood that a particular location is chosen for
development in the Pareto-optimal plans. A total of 3307 cells (4 ha)
are available for development, but only 831 (< 25%) are allocated
development in one or more Pareto-optimal spatial plan. Significantly
this means that 75% of available land for development has been found
to be ill-suited to meeting the objectives considered, drastically redu-
cing the number of areas which should be considered by planners.
Moreover, 207 sites are allocated for development by more than 50% of
the Pareto-optimal spatial plans, and a small number are identified in
all Pareto-optimal plans. This is significant as none of the Pareto-op-
timal plans use more than 300 development sites. Potentially, this in-
formation would enable planners to rapidly constrain the number of
planning permutations they need to consider, and instead focus their
effort on these locations to consider other objectives that are less
readily modeled such as liveability.
3.3. Prioritized Pareto-optimal spatial plans
The framework found 31,716 Pareto-optimal spatial development
plans which outperform all the other solutions in at least one objective.
Weighting these plans according to the Low Carbon, Low Risk, Green
and Spacious, and Balanced city planning scenarios (Table 3) we
Table 4
The best trade-offs between each pair of sustainability objectives.
Note: Objective scores are normalised, where 0 is the best performance and 1 is the worst perfor-
mance found in the analysis.
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identify the associated optimal spatial plan (Fig. 9) and corresponding
objective scores (Fig. 10). No single plan is able to achieve maximum
performance in all objectives.
The Low Risk City plan can only achieve a performance of
fheat=0.26 and fflood=0.24 due to the conflict between the objectives.
However this negatively affects the mitigation objectives fdist and fsprawl
(0.55 and 0.8 respectively). The Low Carbon City is able to keep both
mitigation objectives below 0.17, but increases fheat (0.74), due to the
tendency to develop within higher heat hazard areas. The Green and
Spacious City is able to deliver 97% of proposed development on
brownfield sites, whilst performing relatively well across the mitigation
objectives (both fdist and fsprawl are below 0.27), although fheat performs
slightly worse than for the Low Carbon City policy. The Balanced City
plan is able to keep all objectives below 0.52, but no objective achieves
performance below 0.22.
3.4. Comparison with the GLA spatial development plan
To demonstrate how the planning scenarios in Fig. 9 compare with
the GLA's current spatial development strategy, Fig. 11 presents a
borough level comparison of assigned dwellings (which are also sum-
marized in Table 5). The GLA plan has a greater amount of development
in central boroughs such as Lambeth, Tower Hamlets and Greenwich
(three times higher for the latter). Conversely, boroughs in outer
London, such as Bromley and Havering, are allocated more develop-
ment by the Pareto-optimal spatial plans. There are also notable spatial
differences between the planning scenarios. For example, Barking and
Dagenham in the far east of London is uniquely optimal for the Low
Risk City, whilst Hillingdon in the far west of London is found to be
optimal for the Low Carbon City.
3.5. Impact of regulatory scenarios on the analysis
Fig. 12 shows how deregulating density constraints, or limiting all
development to brownfield land impacts upon the distribution of allo-
cated development density, in this cases for the Pareto-optimal plan
that minimizes fheat. Whilst the majority of proposed development is at
400uha to take advantage of optimal locations, the relaxation of density
restrictions has a noticeable effect of lowering development density,
with the re-emergence of 35uha densities, which helps dissipate po-
pulation exposure to heat hazard.
Fig. 13 shows the Pareto-fronts for fheat against (a) fdist and (b) fsprawl
for the regulatory scenarios. The analysis shows that a significant im-
provement can be made in addressing exposure to heat risk if density
regulations are relaxed, with some development plans leading to no
increase in heat risk.
Conversely restricting development to brownfield sites has an ad-
verse effect on reducing future heat risk, reducing the performance of
fheat by as much as 140%. Interestingly, density deregulation has little
effect on the optimization of fdist (Fig. 13a); the best development
strategy for fdist (and its associated performance in fheat) remains con-
sistent under all regulatory scenarios. However, the best development
strategy for fsprawl can improve its associated performance in fheat by
42% as a result of density deregulation. A consequence of only allowing
development on brownfield sites is that there is no plan that can
achieve this and mimimize urban sprawl.
4. Conclusions
For cities to grow sustainably, spatial plans of development and
infrastructure must consider a large number of objectives. These ob-
jectives can be spatially complex, and meeting objectives in isolation
Fig. 8. Likelihood that a particular location is identified for development within the set of best tradeoff spatial plans.
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can lead to conflict between others. In an urban environment where
multiple sectors and institutions converge this is especially likely. To
enable multiple actors to identify spatial strategies that offer the best
balance for a number of trade-offs, this paper has presented a unique
multi-objective spatial optimization framework. The framework is ap-
plied to London in the UK and shows there are clear planning choices to
be made as no single plan can achieve maximum performance in across
the six sustainability objectives analyzed.
Spatial development plans in London that optimize a single objec-
tive are compared and shown to exhibit notable differences. Plans that
minimize heat risk typically have more growth in the suburbs, whilst
plans that minimize flood risk have more growth in West London.
Diagnostic information from the framework can identify, and quantify
the magnitude of, conflict between the six sustainability objectives.
Fig. 9. The best spatial development plans for each planning scenario.
Fig. 10. Parallel line plot showing the relative performance of the best spatial plans across the range of objectives for each planning scenario.
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These include notable tradeoffs between objectives to minimize heat
risk and flood risk, as well as tradeoffs between urban development that
is low risk, low carbon or low density. Some objectives, such as max-
imizing accessibility to reduce greenhouse gas emissions from trans-
port, and prioritizing development on brownfield sites cannot be si-
multaneously optimized. In these cases, the framework allows those
compromises to be made transparent and therefore planning permission
can require developments to incorporate appropriate mitigating actions
at the detailed design stage.
A number of planning scenarios across London's 33 boroughs are
compared against the Greater London Authority's current policy. The
current spatial plan significantly underperforms against the six sus-
tainability objectives considered here, an important factor in this is that
the current strategy plans for significant development in several central
boroughs. Analysis of all the Pareto-optimal spatial plans shows some
distinct spatial clustering; collectively these plans assign development
to fewer than 25% of all available development sites providing clear
guidance for spatial planners seeking to address the six sustainability
objectives here.
Removal of constraints on the density of development is shown to
reduce exposure to heat risk. Although there is a tradeoff between heat
risk and mitigation objectives such as accessibility, the magnitude of
this particular tradeoff is not sensitive to the changes in density con-
sidered here. To significantly alter the magnitude of this tradeoff would
require more extreme deregulation of density which would have sig-
nificant implications for other planning issues, such as liveability, that
are not considered in this case study.
Whilst the nature of some of the tradeoffs identified in London will
be relevant – and have already been qualitatively observed - in other
cities, their relative magnitude and spatial structure will be distinct to
each urban area. In London the results can feed directly into the city's
Integrated Impacts Assessment (GLA and Arup, 2017) where tradeoffs
are considered within the planning process. However, as there is no
universal approach to considering tradeoffs, in other cities the outputs
from the analysis would feed into relevant climate change, sustain-
ability and spatial development tools and strategies.
The framework is transferable, but relies on the availability of ap-
propriate data. The data used in this study is available for any UK city.
Many cities will have data of comparable quality collected by local or
national governments. However, as remotely sensed data is increasingly
available this analysis could be undertaken anywhere in the world, for
example using Open Street Map for road network and urban sprawl
(OSM, 2019), climate data for heat risk (CMIP, 2019), global flood
model simulations (WRI, 2019), ASTER GDEM for topography (NASA,
2019) and Land Cover data (ESA, 2019). This would inevitably provide
a coarser resolution analysis and characterize objectives with less
complexity, which would need to be considered in the interpretation of
results.
In future, the development of a user interface would help planners
interpret and interactively explore the results and visualize different
options. The six objectives considered here, whilst important, are not
the only issues planners must consider. A natural extension is to in-
corporate more criteria (e.g. air quality). Similarly, many of the models
used to describe the sustainability objectives could be extended, for
Fig. 11. Borough level comparison of assigned residential development (number of dwellings) for the best spatial plans for each planning scenario (corresponding to
Fig. 9) and proposals from GLA (2011a). Values for each Borough are given in Table 5.
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example by incorporating socio-economic factors that mediate vulner-
ability and hence risk as well as travel patterns. For computational ef-
ficiency the models used to describe the sustainability objectives do not
incorporate detailed processes and feedbacks. Transferring the frame-
work to a cloud platform would enable more complex models to be
used, for example enabling urban climatology or pollution diffusion to
be simulated at high resolution for each development scenario.
Regardless of the number of objectives that are considered, or the
sophistication of the processes represented in the models of the
sustainability objectives, uncertainty cannot be completely removed.
Furthermore, many planning issues are poorly suited to numerical re-
presentation. The framework can provide insights into some sensitiv-
ities, for example in London it revealed the location of development
sites that are good for all six objectives. However, as with any urban
model application the framework should be used to inform discussion.
The results must be interpreted in the context of qualitative issues such
as social justice, wellbeing, and liveability, and used to better inform
planning decisions, rather than automate them.
Table 5
The number of new dwellings in each London Borough under the GLA's current plan, and scenarios optimized to be low carbon, low risk, green and spacious, or
balanced (corresponding to Fig. 11).
New dwellings (thousands)
Borough GLA plan Low carbon Low risk Green and spacious Balanced
Borough name GLA's Plan Low Carbon City Low Risk City Green and Spacious City Balanced City
Barking and Dagenham 10,650 11,200 24,000 12,800 14,400
Barnet 22,550 24,000 25,480 22,400 21,800
Bexley 3350 8400 11,200 6400 19,600
Brent 10,650 13,400 12,800 15,800 15,000
Bromley 5000 12,200 20,200 19,000 18,600
Camden 6650 5000 3400 5800 3800
City of London 1100 0 0 0 0
Croydon 13,300 14,400 15,200 14,000 15,200
Ealing 8900 16,600 13,000 18,040 17,440
Enfield 5600 12,600 12,800 6400 11,800
Greenwich 25,950 2000 4800 8000 3600
Hackney 11,600 0 1600 1600 1600
Hammersmith and Fulham 6150 9600 9600 9600 9600
Haringey 8200 18,200 16,200 15,200 16,400
Harrow 3500 7000 4200 3600 4400
Havering 9700 20,600 24,000 24,000 18,600
Hillingdon 4250 14,400 1600 1600 9600
Hounslow 4750 16,200 11,000 8000 7400
Islington 11,700 5400 4200 7000 4800
Kensington and Chelsea 5850 4800 4800 6400 6400
Kingston upon Thames 3750 6400 9600 8000 8400
Lambeth 11,950 18,200 11,200 22,200 9600
Lewisham 11,050 6000 3800 6800 3800
Merton 3200 1600 1600 1600 1600
Newham 25,000 22,080 20,000 26,640 18,400
Redbridge 7600 8400 11,600 7600 12,000
Richmond upon Thames 2450 2200 3200 6800 5000
Southwark 20,050 3200 7400 9600 7400
Sutton 2100 5640 8240 9000 4040
Tower Hamlets 28,850 11,640 9000 14,440 9000
Waltham Forest 7600 3200 2400 3040 2400
Wandsworth 11,450 12,800 7000 6400 12,800
Westminster 7700 1600 2200 1600 1600
Fig. 12. The impact of density deregulation, and only allowing brownfield development, on dwelling densities for the spatial plan that minimizes fheat.
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